Localization is a fundamental task for the optical Internet of Underwater Things (O-IoUT) to enable various applications, such as data tagging, routing, navigation, and maintaining link connectivity. The accuracy of the localization techniques for O-IoUT greatly relies on the location of the anchors. Therefore, recently, the localization techniques for O-IoUT which optimize the anchor's location have been proposed.
I. INTRODUCTION
O CEANS hold 96% of the earth's water which nurtures life on this planet and regulates its climate. Therefore, it is essential to keep track of the change in oceans and to investigate its unexplored regions for the benefits of humankind. In the past decade, there has been an increasing demand for underwater applications, such as environmental monitoring, coastal surveillance, navigation, and underwater exploration. These applications can be accomplished by using Internet of Underwater Things (IoUT) [1] .
Apparently, efficient communication between different entities of an IoUT network is a fundamental and critical issue. Existing IoUT networks use radio frequency (RF), acoustic, and optical waves for information transmission [2] . Each of these communication sources has advantages and disadvantages. RF waves are highly absorbed in aquatic medium and therefore can only be used on the surface of the water. On the contrary, acoustic waves attain longer transmission ranges, but due to the low speed of sound waves, it has high latency and low data rate. Recently, optical waves have emerged as a good alternative to its counterpart RF and acoustic waves, due to its ability to provide high-speed underwater communication [3] . However, the transmission range of optical waves is in tens of meters, which is low as compared to acoustic waves. The transmission range of underwater optical wireless communication (UOWC) is limited due to the intrinsic properties of light and different propagation losses in water, such as absorption, scattering, turbulence, and salinity. Due to the aforementioned limitations of UOWC, a dense network deployment of the smart objects is required in optical IoUT (O-IoUT) to traverse the information through the network in a multihop fashion [4] .
Moreover, numerous applications of O-IoUT, such as navigation, surveillance, data tagging, and routing require location information of the deployed smart objects. In the past, a large number of localization techniques have been proposed for IoUT networks based on acoustic waves [5] , [6] . However, few works exist on locating the underwater smart objects operating on optical waves. For example, Akhoundi et al. [7] proposed a time of arrival (ToA) and received signal strength (RSS)-based positioning techniques for O-IoUT. However, in this article, the authors assumed that underwater optical smart objects directly communicate with the beacons which may not be practical due to the limited transmission range of UOWC links. Hence, in [8] - [11] , various multihop localization techniques were introduced for smart objects operating on optical waves.
Nonetheless, the localization of the underwater smart objects is greatly influenced by the location of anchors. Therefore, the research community on localization came up with different techniques to improve the localization accuracy of a single smart object by optimizing the location of anchors [12] , [13] . However, a few works exist on optimizing the location of anchors to reduce the localization error of all smart objects in the network [14] . Recently, Saeed et al. [11] proposed a 3-D localization technique for O-IoUT which accounts for the outliers in range measurements and optimizes the anchor's location. However, the optimization of the anchors' location for all the smart objects in the network may not be a useful solution.
Indeed, in large-scale O-IoUT networks, efficient collection of the data is an important task. These large-scale networks allow us to get a large amount of data, however, it is not always desirable from various perspectives, such as processing time, network lifetime, communication overhead, and available storage. Besides, authentication of the smart objects is also required for security of the network [15] . Additionally, in such networks, the data collected by some smart objects may be more important as compared to the data collected from the other smart objects depending on the application scenario. For example, in an application of surveillance or intruder detection, the information from the smart objects which detect the intruder is more important than the other smart objects. Therefore, it is more crucial to find the location of valuable smart objects more accurately compared to other smart objects in such networks. Hence, in this article, we propose a 3-D accurate localization technique by selecting the set of vital smart objects and optimizing the anchors' location for these smart objects. The contributions of this article are summarized as follows.
1) A joint smart object selection and 3-D localization problem for O-IoUT is formulated as a network graph. If the surface buoys, which are also acting as anchors, are located at the surface only, the localization problem in 3-D cannot be solved regardless of the number of surface buoys deployed. Hence, we consider smart selfpropelled surface buoys that can move on the surface of the water as well as can dive and rise to the surface. We have shown that the optimization of anchors for a specific set of smart objects is a good strategy to improve their localization accuracy. 2) A graph partitioning technique is used to divide the network into a disjoint set of graphs where each of the disjoint graphs represents a set of smart objects. 3) The localization accuracy of the selected smart objects is improved by optimizing the anchors' location for the specific set of smart objects instead of the whole network. Moreover, the numerical results show that localization accuracy also depends on the transmission range, ranging error, number of anchors, and density of the smart objects. The proposed method can be applied to both large-scale and small-scale networks satisfying the condition of connectivity. The remainder of this article is organized as follows. Related work is reviewed in Section II. Problem formulation and proposed localization technique are presented in Sections III and IV, respectively. Sections V and VI provide the simulation results and conclusions, respectively.
II. RELATED WORK
This section covers the literature on localization techniques for O-IoUT. Location-based services can provide many solutions to the future smart world, such as smart agriculture, smart cities, smart oceans, etc. Therefore, the localization for various terrestrial networks is widely studied, which mainly relies on the global positioning system (GPS), cellular positioning systems, and indoor positioning systems. For instance, Shit et al. [16] proposed a probabilistic RSS-based fingerprinting localization for terrestrial IoT networks. Quite a good number of review articles are presented on localization for the terrestrial networks. For instance, Shit et al. [17] reviewed a large number of localization techniques for small word applications. Similarly, the importance of localization and taxonomy of localization techniques for IoT networks are presented in [18] . However, most of these works are focused on localization for terrestrial IoT networks which mainly uses electromagnetic waves, and therefore, may not be applicable in the marine environment. Hence, acoustic waves-based positioning systems, such as short baseline and long baseline are developed for the underwater environment. A large number of underwater localization algorithms have been proposed in the past for underwater acoustic wireless communication systems. All of these localization algorithms consider different parameters of the network, such as network topology, range measurement technique, energy requirement, and device capabilities. In addition, the accuracy of localization algorithms also depends on many other factors, which include propagation losses, number of anchor nodes, location of anchor nodes, time synchronization, and scheduling. The underwater localization algorithms can be classified based on different parameters, such as range-based/range-free, anchor-based/anchor-free, stationary/mobile, and centralized/distributed [19] . Based on the motion capabilities of the anchors, there are two major categories. First is the nonpropelled anchors which can be stationary or floats freely on the surface of the water while the second type is propelled anchors which are equipped with inertial navigation systems and can move on the surface as well as underwater. Examples of nonpropelled anchors include floaters and gliders while propelled anchors include AUVs and submarines. For instance, in [20] , the idea of anchors with vertical mobility was introduced. The anchors were supported mechanically by detachable elevator transceivers to move up and down in the underwater environment. A similar approach was also used in [21] for underwater acoustic sensor networks localization with ToA ranging. A propelled approach with AUV as an anchor was used in [22] and [23] to localize the underwater sensors. The AUV-based approach requires two-way ranging and perfect synchronization. A dive and rise localization technique was introduced in [24], where the anchors were able to descend and ascend in the underwater environment. The dive and rise approach was further extended in [25] , where the underwater nodes which are localized in the first step also start acting as anchors, thus improving the accuracy.
All of the above works on localization for underwater wireless networks are based on acoustic waves. Although acoustic waves in underwater can travel for long distances but they suffer from low data rate. Therefore, recently, UOWCs has emerged as a promising technology [2] . UOWC has the advantages of higher data rate, low latency, energy efficiency, and low cost. Therefore, UOWC is considered as a promising technology to develop O-IoUT. Besides the above advantages, it is important to find the location of smart objects in O-IoUT due to its numerous applications, such as data tagging, assisted navigation, and exploring the underwater environment.
Currently, localization for O-IoUT is one of the critical research areas, and various efforts are made to develop accurate localization algorithms. Based on the implementations, these algorithms can be broadly classified into distributed and centralized. In distributed algorithms, all the smart objects collect the ranging information from the anchors and localize itself while in centralized algorithms, all the smart objects in the networks are localized by the central node. Akhoundi et al. [7] proposed a ToA-and RSS-based distributed localization method for O-IoUT. Optical base stations (OBSs) were used as anchors, which transmit the optical signals, and the smart objects were able to collect the optical signals from multiple OBSs. Each of the OBSs consisted of 60 light emitted diodes (LEDs) transmitters forming an underwater optical code division multiple access (OCDMA) network. In the ToA-based approach, it was assumed that all the OBSs are synchronized and the distance was estimated from the time of flight of the optical signal in water. Linear least square solution was used by the sensors to locate their positions based on the optical signals received from various OBSs. In the RSS-based approach, the distance was estimated from the UOWC channel model where the received power is greatly affected by various impairments, such as attenuation, scattering, turbulence, and multipath. Akhoundi et al. [7] used Monte-Carlo simulations to estimate the distance from the received optical power. Although the RSS-based approach is easy to implement, and it provides coarse localization. Saeed et al. [8] proposed a centralized localization technique for O-IoUT by taking into account the limited connectivity of UOWCs. All of the ranging measurements were collected at the surface node, where the multidimensional (MDS) technique was used to estimate the location of each sensor node. The proposed localization algorithm in [8] was further improved in [10] by using the energy harvested from ambient underwater sources. It was shown in [10] that the energy arriving into the network improves the localization accuracy. Moreover, a low-rank matrix completion strategy was used in [26] to estimate the missing pairwise distances for a centralized RSS-based 3-D localization technique. Nevertheless, a 3-D localization technique for O-IoUT was recently proposed in [11] which accounts for outliers produced in the range measurements. Also, the locations of the anchors were optimized for the whole network in [11] to achieve better localization accuracy. Recently, vector quantization was used in [27] for the localization of smart objects in O-IoUT.
Another challenging problem for 3-D localization of smart objects in O-IoUT networks is the placement of anchors to improve the accuracy. Conventionally, the anchors should be spread uniformly along the perimeter of the network [28] . The literature on the optimization of the anchors' location can be categorized into two major classes. First is the parameter optimization techniques, where the position of the smart objects is estimated such that their location uncertainty is minimized. The uncertainty in the position is characterized by the inverse of the Cramer-Rao lower bound (CRLB), i.e., the Fisher information matrix (FIM). Therefore, these techniques try to maximize the FIM or minimize the CRLB by changing the positions of the anchors along the network [12] , [29] - [34] . For instance, Hamdollahzadeh et al. [12] used time difference of arrival and frequency difference of arrival ranging methods to optimize the anchor placement for a single target. It was shown in [12] that the combination of uniform angular arrays could be used for the optimal placement of anchors. A similar analysis with the angle-of-arrival-, ToA-, and RSS-based ranging was presented in [30] - [32] , respectively, for a single target where it was shown that there is no unique optimal anchors geometry. A closed-form solution of optimal anchor placement for a single target was proposed in [29] where it was concluded that multiple nontrivial local solutions exist. Geometric dilution of the precision-based approach was investigated in [33] , to optimize the anchor location for multiple primary users localization in cognitive radio networks. Recently, Rusu and Thompson [34] used the concept of tight frames for the anchor location optimization with the time difference of arrival ranging method. All of these methods try to find the geometry of the anchors, which minimized the CRLB of the network. The second class of anchor optimization techniques is optimal control, which is mainly used for the path planning problems [35] , [36] . All of these works consider the optimization of the anchor's location for a single target or the whole network.
However, none of these works consider optimizing the position of anchors for a specific set of valuable sensors. Since in many application scenarios, it is not desirable to optimize the location of anchors for all the smart objects in the network. Therefore, it is more crucial to find the location of valuable sensors more accurately compared to the other smart objects in the network. Hence, in this article, we propose a 3-D accurate localization technique by selecting the set of vital sensors by using spectral clustering and optimizing anchors' location for these sensors.
III. PROBLEM FORMULATION
In this section, we formulate the problem of 3-D localization for selected smart objects. Consider a 3-D O-IoUT network with N static smart objects which can be underwater sensors using optical waves for communications and M mobile anchor nodes (surface buoy) as shown in Fig. 1 . The smart objects consist of sensors/actuators and are static in nature where they are either attached to the seabed or moored. The information from the seabed sensors is collected at the surface buoy in a multihop fashion via the moored smart objects [37] . Here, we consider self-propelled surface buoys that can move on the surface of the water as well as they can dive and rise to surface [24] . If the surface buoys, which are also acting as anchors, are located at the surface only, the localization problem in 3-D cannot be solved regardless of the number of surface buoys deployed. Therefore, for the 3-D localization, we assume that the projection (depth) of each buoy is different such that they are not co-planer [38] . Also, we assume that some of the smart objects (green ones) detects the target/activity and thus has more valuable information. Therefore, accurate localization of these smart objects is more important compared to other smart objects in the network. Every network localization technique necessitates for estimating the smart object-to-smart object and smart objects-to-anchor distances. These distances can be estimated by using various ranging methods, such as time-based, angle-based, and received power-based methods. The time-based localization techniques provide higher localization accuracy; however, they require additional hardware on the underwater resource-limited smart objects. Also, the time-based methods heavily rely on synchronization between the smart objects and the surface buoy. Similarly, the angle-based ranging techniques are more accurate but have high complexity and consume more power [39] . On the other hand, the RSS-based localization techniques have low localization accuracy, but they do not require extra hardware and have low complexity. Hence, the RSS-based methods suit well for the resource-limited O-IoUT networks thanks to their simplicity and cost efficiency. Therefore, in this article, we assume that the single neighborhood noisy distances are estimated by using the RSS-based underwater optical ranging [40] .
Since RSS-based ranging depends on the propagation behavior of light in water, therefore, first, we briefly discuss the link budget of a UOWC channel (UOWC). The propagation of light in underwater aquatic medium suffers from scattering and absorption which is characterized by the well-known Haltran's model as follows:
where λ is the wavelength, and E(λ), B(λ), and S(λ) are the extinction, absorption, and scattering coefficients, respectively. Optical light traveling in the aquatic medium is mainly absorbed by the chlorophyll, hence, B(λ) is given as
.959 m 2 /mg, and B h = 18.828 m 2 /mg are the absorption coefficients of pure water, chlorophyll, fulvic acid, and humic acid, respectively.
The terms a f and a h are constants, whereas C f and C h are the concentrations of fulvic acid and humic acid, respectively. The values of C f and C h are given in [41] as follows:
and
where 0 ≤ C x ≤ 12 mg/m 2 and C y = 1 mg/m 3 C l = C x exp {0.03092(C x /C y )} , respectively [41] . Based on the value of E(λ) for a given aquatic medium, the received power from node i at node j is given in [3] as follows:
where P t is the transmit power, d ij and θ ij are the Euclidean distance and trajectory angle between smart objects i and j, t and r are their optical efficiencies, A j is the aperture area of the receiver, and θ 0 is the divergence angle. The RSS-based ranges are obtained from (5) as follows:
where W o (·) is the real part of Lambert-W function [42] . The above RSS-based ranging model has been experimentally validated in [43] for different wavelengths and various types of water. The model the noise in the ranging measurements, we consider three primary noise sources. The thermal noise of the receiver which follows Gaussian distribution, shot noise which is caused by optical filtering and is also modeled by Gaussian distribution, and intensity noise to model the fluctuation in the intensity of light (Gaussian). The superposition of all these noise sources results in a memory-less additive Gaussian noise, and therefore, the received power can be written aŝ P r = P r + n ij (7) where n ij represents the noise that is modeled as a zero mean Gaussian random variable n ij ∼ N (0, σ 2 ij ) with variance σ 2 ij . The noisy range measurements are obtained from (7) asd ij = f (P r ij ). Fig. 2 shows the relationship between the received power and the distance for various water types, such as pure sea water, clear ocean water, and coastal ocean water. The simulation parameters are mainly taken from [44] . Fig. 2 shows that increase in the distance and turbidity of the water reduces the power received.
To find the multihop pairwise distances, we model the network as a connected graph G(V, E), where V are the vertices and E are the edges of the graph. Vertices V refer to the unknown location of the smart objects and edges E are the estimated distances. Once the network is modeled as a connected graph, the missing pairwise distances between faraway smart objects are estimated by using a matrix completion method. Additionally, it is crucial for the accuracy of any network localization technique to optimize the location of anchors. In previous research works, the problem of optimizing anchor locations for a single target node or all smart objects have been investigated. In this article, first, we find the coarse 3-D location of each smart object in the network and then optimize the anchor locations for the specific set of smart objects. Optimizing the anchor locations for a set of significant smart objects is more interesting and challenging. Therefore, the problem of accurate 3-D localization for a set of smart objects S ⊂ N is straightforward, i.e., for a given O-IoUT setup with estimated pairwise distancesD = {d ij } N+M i =j , optimize the location of anchors for S number of smart objects to estimate their locationL = {x i ,ŷ i ,ẑ i } S i=1 with improved accuracy.
IV. PROPOSED TECHNIQUE
In this section, we propose an accurate localization technique where the location of anchors is optimized for a set of smart objects instead of all the objects. The proposed 3-D localization technique consists of the following four steps: 1) construction of the pairwise distance estimation matrix D; 2) selection of the set of smart objects S; 3) partitioning ofD into a local pairwise distance estimation matrixD l ; and 4) optimization of the anchor locations to improve the localization accuracy.
A. Construction of MatrixD
In this step, the pairwise distances are estimated between all the smart objects in the network. The estimated distance between any two neighbor smart objects i and j are calculated in the previous section and given aŝ 2 and η ij is the ranging error. The ranging error is modeled as zero mean Gaussian random variable with variance σ 2 ij . All of the single neighborhood measured distances are shared with the surface station in a multihop fashion. The surface station create a network graph G(V, E) by collecting all of the single neighborhood noisy distances. The edges of the graph represent the noisy distances, and can be written in the matrix form aŝ
However, many of the pairwise noisy distances are missing and only a set of them are available. Therefore, a matrix completion strategy is required to estimate the missing distances [45] .
Here, we consider the low-rank matrix completion technique to estimate the missing pairwise distances in matrixD [26] .
Once the missing pairwise distances are estimated, matrixD is completed.
B. Selection of Smart Objects
Cluster-based schemes are most widely applied to localize a specific target or activity in cyber-physical systems, which improves the scalability of the network and reduces the communication overhead [46] . Besides, the smart objects which participate in the target detection or the activity are kept active while the rest of the smart objects are left inactive to consume the resources efficiently. The cluster-based schemes should be able to decide on which smart object to be included or excluded from the cluster. This selection of smart objects can be based on multiple criteria, such as quality of the sensed data, distance to the target/activity region, and residual energy. In this article, we consider the usefulness of the information and proximity to the target/activity region as a selection criterion for smart objects. For instance, we assume that the sensed information and location of smart objects which detect the target or in the vicinity of the activity are more critical compared to the other smart objects. Hence, it is required to select those set of smart objects which have more valuable information and are near to the target/activity region. Therefore, we use a graph partitioning technique to split the network into subnetworks [47] . As the network graph is represented by G(V, E), where V = {1, 2, . . . , N} and E are the edges. Partitioning of G(V, E) means to get k number of disjoint connected graphs, i.e., V = V 1 ∪ V 2 ∪, . . . , ∪V k . Graph partitioning is one of the most widely used methods for data analysis where its applications lie in statistics, biology, computer science, and psychology. The graph partitioning techniques help in identifying the behavior of the data where similar data is grouped into a single partition.
The graph partitioning technique consists of two phases, i.e., partition the graph into two graphs and then repeat the same process until reaching k number of subsets. To partition G(V, E), first, we define the adjacency matrix A(G) of the graph such that its elements are given as
Also, we define the degree matrix Q, which represents the degree of connectivity of each node. Based on A(G) and Q, the Laplacian matrix ofD is calculated as L = Q −D. Subsequently, eigenvalues λ 1 ≤ λ 2 ≤ · · · ≤ λ N and eigenvectors w 1 , w 2 , . . . , w N of L are calculated. Graph G(V, E) is partitioned based on the second eigenvector w 2 (also known as Fiedler vector) of the Laplacian matrix [47] , [48] . To further elaborate, we consider a connected graph Y, as shown in Fig. 3(a) . The Laplacian matrix L(Y) for graph Y is given as Based on the values of w Y , the vertices which correspond to the negative values are placed in one subgraph while the vertices corresponding to the positive values of w Y are placed into the other subgraph. This partitioning is shown in Fig. 3(b) . This partition may not look perfect since it does not reduce the number of edges at the partition point and removing edge (1, 8) could be a better choice. Similarly, if an equal number of vertices were required to be placed in each subgraph then edge (6, 7) should be the cut point. This way each subgraph will have five vertices. However, the Fiedler spectral partitioning tries to balance both the number of vertices in each subgraph and having less number of edges at the cut point. Although the Fiedler spectral partitioning method is not flawless, it does not require the coordinates of the vertices thus making it more suitable for the clustering of O-IoUT network. Details of the graph partitioning algorithm are given in Algorithm 1.
C. Local Pairwise Distance Estimation Matrix
Once a set of S smart objects is selected among N number of smart objects by using the graph partitioning technique.
A local pairwise distance estimation matrixD l is constructed fromD. The size ofD l is S × S which is smaller than the size ofD. The MDS technique is used to get the 3-D map of the network where the MDS technique takesD l as an input and generates the 3-D map. The MDS method tries to minimize the cost function given as [49] f
The main objective of the MDS technique is to find matrix L such thatd ij matches d ij as close as possible. The closed-form solution of (13) is obtained by first double centering matrixD l , i.e., B = −0.5CD l C where C = I S −([1 S 1 T S ]/S) is the centering matrix. I S is an S×S identity matrix and 1 S is the vector of 1s with size S. Taking the eigenvalue decomposition of matrix B yields its corresponding eigenvalues λ and eigenvectors e where the 3-D map is obtained from the three largest eigenvalues of λ and corresponding three eigenvectors in e, i.e.,L = λ 3 √ e 3 , where the size of λ 3 and e 3 is 3 × 3 and 3 × S, respectively. The relative 3-D map can be a transformed to a global 3-D map by using any linear transformation method, i.e.,L = ζ(L)r + t, where ζ , r, and t represent the scaling, rotation, and translation elements, respectively.
D. Optimization of Anchor Positions for Selected Set of Smart Objects
The final step of the proposed technique is to optimize the anchor locations for the selected set of smart objects to improve their localization accuracy. As in Section IV-A, the pairwise noisy distances are calculated for the selected set of smart objects, now the location of anchors is optimized to improve their localization accuracy. The distance estimated between a smart object in S and the jth anchor node isd j = d j + n j , for j = 1, 2, . . . , M, where d j = (x − x j ) 2 + (y − y j ) 2 + (z − z j ) 2 and n j is the ranging error. As n j is modeled as Gaussian random variable with variance σ 2 j then error variance of 3-D location estimation is bounded by the CRLB, i.e., B(l) = F −1 (l) i,i for the ith parameter [50] . 
F(l) represents the FIM with elements given as
where E is the expectation operator andd = {d 1 ,d 2 , . . . ,d M }.
The probability density function f (d|l) for the noisy range measurements is defined as
The submatrices of F(l) i,j are derived from (14) and given as
Finally, the CRLB for the 3-D location estimation is
Based on the CRLB analysis, the optimal location estimation of anchors is formulated as a determinant (D)-optimality criteria, i.e.,L a = argmaxL a S i=1 |F i |, whereL a ∈ R M×3 are the optimal location of anchors, i = 1, 2, . . . , S is the set of selected smart objects, and | · | is the notation for the determinant. Intuitively, the above maximization problem can be solved by minimizing the CRLB, i.e.,L a = argminL a S i=1 B(l i ). The above optimization problem is nonconvex and therefore, its approximate solution is obtained by using an iterative gradient method, i.e., L a (t + 1) = L a (t) − μ t i (B(l i (t)), where μ t is the step size, t represents the iteration number, and symbol i (·) mean the gradient. The locations of anchors are updated if B(l i (t+1)) < B(l i (t)), however, when B(l i (t + 1)) > B(l i (t)) the algorithm stops because the CRLB is not reduced, and therefore, L a (t) =L a .
Unlike, the acoustic-based underwater networks, optical waves in O-IoUT are a promising transmission carrier for enabling ultrareliable low latency communications, due to their ability to achieve broadband links with high data rate (Gb/s) and low latency [51] . For instance, the average propagation speed of acoustic waves in water is 1500 m/s, which has profound implications on synchronization and localization in an underwater environment. Therefore, O-IoUT provides low-latency and high-bandwidth solutions to its counterpart acoustic technology.
V. SIMULATION RESULTS
In this section, the results of the proposed localization technique are presented. An O-IoUT network with 50 smart objects randomly distributed in a cubic region of 100 m 3 is considered. The number of anchors is kept to 8 and the maximum transmission range is considered as 100 m. We have considered clean ocean water for these simulations with the scattering coefficient of S(λ) = 0.037 and absorption coefficient of B(λ) = 0.114. Fig. 4(a) shows a realization of the simulation setup where the smart objects are partitioned into four different clusters. We have assumed that the set of smart objects (S = 8) with the data from the pink color smart objects is more valuable and therefore it is required to improve their localization accuracy. The results are obtained as an average of over 10 3 different realizations and compared to [11] , [52] , and the CRLB. Fig. 4(b) and (c) shows the localization accuracy of [11] (Loc-1) and the proposed method (Loc-2) for a single realization, respectively, where it is clear that the optimization of the anchor's location for the selected set of smart objects improves the localization accuracy. Moreover, we have also evaluated the performance of the proposed scheme in a sparse network with ten smart objects randomly distributed in 100 m 3 region, as shown in Fig. 5(a) . Three smart objects [pink color triangles in Fig. 5(a) ] among the total ten objects are selected as valuable objects by the Fiedler partitioning algorithm. Fig. 5(b) and (c) shows that in case of even sparsely populated nodes, the proposed scheme has better localization accuracy due to anchors location optimization.
A. Impact of Transmission Range and Power
As the transmission range is an important parameter for the network localization methods, therefore, root-mean-square-error (RMSE) is evaluated with respect to the transmission range of smart objects in Fig. 6. Fig. 6 shows that the RMSE performance of the proposed method for the selected set of smart objects is better than Loc-1 and weighted centroid localization [52] due to the optimal placement of anchors for these smart objects. Fig. 6 also suggests that increasing the transmission range improves the localization accuracy of both techniques due to the increase in connectivity of the network. As the transmission range increases more smart objects are directly connected to each other which reduces the multihop distance estimation error. Note that the transmission range is increased by playing with the transmission power of the smart objects where high transmission power leads to a more extended range. By increasing the transmission range, the localization accuracy improves since more smart objects are directly connected, reducing the shortest path estimation error.
B. Impact of Ranging Error
Undoubtedly, the distance estimation is affected by the ranging error. Therefore, we have assumed in Section II that the ranging error η ij between any two smart objects i and j are modeled as a zero-mean Gaussian random variable with variance σ 2 ij . The performance of the proposed technique is examined with respect to the variable σ 2 ij , i.e., σ 2 ij = 0 − 1 m. Here, we considered 50 optical smart objects randomly placed in a cubic region of 100 m 3 with the maximum transmission range of 100 m and the results are averaged over 10 3 different realizations. In Fig. 7 , we show that the RMSE performance is affected by the ranging error noise variance. Fig. 7 shows that Loc-2 has better RMSE performance as compared to Loc-1 in [11] . Moreover, Fig. 7 also presents that an increase in the noise variance increases the RMSE for all the techniques. Moreover, since the underwater channel is highly dynamic, the RMSE concerning multiple RSS measurements is investigated in Fig. 8 . We have simulated two different O-IoUT networks with 50 and 100 smart objects distributed randomly in a cubic region of 100×100×100 m 3 , respectively. Here, we keep the transmission range of smart objects equal to 100 m. Fig. 8 shows that the localization accuracy improves with the increase in the number of measurements up to a particular value, i.e., 20, after which the RMSE is saturated and does not improve further.
C. Impact of Number of Anchors
Anchors play a vital role in localization algorithms, and it is a fact that with increasing the number of anchors, the accuracy becomes better. Therefore, we show this effect in Fig. 9 , where the RMSE performance improves with an increase in the number of anchors up to a certain number, i.e., 8, after which the network gets saturated and further increases in the number of anchors do not improve the accuracy. Note that for these results, we considered the same simulation setup consisting of 50 smart objects randomly distributed in a cubic region of 100 m 3 and the results are obtained over 10 3 different realizations.
D. Impact of Node Density
The network localization techniques are greatly affected by the density of the network. The accuracy of the proposed scheme primarily depends on the density of the smart objects for a given network area. To see the connection between the localization accuracy and node density, we have evaluated the performance of the proposed scheme with respect to the different density of the network. Initially, we started with a sparse network of ten smart objects only in a cubic region of 100 m 3 and then increase the density to 100 smart objects. Fig. 10 shows that increasing the number of smart objects improves the RMSE. This is due to higher connectivity in the network where each smart object is having more neighbors (reducing the shortest path error). Moreover, Fig. 10 also tells that the minimum average number of smart objects required for a connected network is 10. Hence, when the number of smart objects is below 10, it leads to an unconnected network where the smart objects cannot be localized.
VI. CONCLUSION
The optimization of the anchors' location to improve the localization accuracy of smart objects in a network has been studied well in the past. However, in a number of applications, the data collected from some smart objects are more valuable than others and, hence, the smart objects whose data is more valuable require accurate localization. Therefore, in this article, first, we have partitioned the network into a set of multiple small networks to select the valuable smart objects by using a graph partitioning technique. Then, we have optimized the anchor nodes' location to improve the localization accuracy of the selected set. The numerical results validate the accuracy and robustness of the proposed technique.
